Sim ulating High-Lev el Rob ot Beha viors El5~Bg3X>pJs9)3X@l96 !{ %+%U%J!<!&%8%’!<%‘%: 2C2lH~ Ao 0pMU 2m9, 0f>e Gn0t The Univ ersit y of T oky o !{ J. KUFFNER S. KAGAMI M. INABA H. INOUE Abstract : Physically-based sim ulation softw are is commonly used for dev eloping and testing lo w-lev el rob ot control algorithms. In order to facilitate the dev elopmen t and ev aluation of higher-lev el rob ot b ehaviors, broader-based simulations are needed. Examples include softw are for sim ulating 3D vision, motion planning for obstacle a v oidance, and integrating vision and planning. In addition to mo deling the general interaction b etw een the rob ot and its environmen t, the soft w are can p otentially b e used as a graphical user in terface for directly controlling or interacting with a rob ot op erating in the real w orld. This pap er describ es our current e�orts to w ard building a large-scale soft w are sim ulation framework for the developmen t and testing of high-lev el b ehaviors for h umanoid rob ots. W e view this as a p otential useful to ol for the visualization and developmen t of rob otic systems, as w ell as an in teractiv e, task-level programming interface for rob ots. 1 In tro duction Muc h research e�ort in rob otics has b een fo cused on designing high-level con trol arc hitectures for autonomous robots [1{3]. The primary aim of our sim ulation envi- ronmen t is to assist in the developmen t and testing of suc h high-lev el con trol soft w are. F or humanoid rob ots, w e are in terested in dev eloping soft w are to solv e com- plex tasks, suc h as navigating in an unknown environmen t while av oiding obstacles, and grasping and manipulating ob jects. Adv ances in computing hardw are ha v e enabled increas- ingly sophisticated softw are simulations to b e used in the design and testing of rob otic systems. In particular, com- plex rob ots suc h as humanoid rob ots hav e b ene�ted from dynamic simulation softw are. Such softw are has assisted in the realization of dynamic walking in sev eral humanoid robots [4{6]. In comparison, muc h less attention has b een devoted to simulating higher-level b ehaviors for humanoid rob ots. Successful simulation environmen ts ha v e already b een de- v elop ed for teleop erated space rob ots [7{9]. Similar kinds of softw are capabilities are needed for h umanoid rob otic systems, in particular soft w are libraries for 3D vision, mo- tion planning for obstacle a v oidance, and integrating vi- sion and planning are needed. T o facilitate the deploymen t of suc h soft w are, w e are curren tly developing a graphi- cal sim ulation environmen t for the H5 dynamic humanoid robot (see Figure 1 and Figure 3). The pro ject builds upon a soft w are framework that w as originally dev elop ed for the high-level control of computer animated c haracters in 3D virtual en vironmen ts [10]. Although its present ca- pabilities are limited, it is our hop e that through the use of such in teractiv e sim ulation soft w are, the current and fu- ture capabilities of humanoid and other complex rob otic systems can b e improv ed. The pap er is organized as follo ws: Section 2 giv es an o v erview of the sim ulation environmen t and its larger goals, along with a brief description of t w o comp onents: sim ulated vision (Section 2.2) and motion planning (Sec- Fig. 1: Simulated vision of a h umanoid rob ot navigating in a virtual o�ce. tion 2.3). Section 3 sho ws some preliminary exp erimental results using simulated vision for p erception-based global navigation for a humanoid rob ot, and path-planning for ob ject manipulation. Section 4 concludes with a summary discussion. 2 Sim ulation En vironmen t 2.1 Overview F or sim ulation purp oses, w e are designing a system ar- chitecture similar to the T eleSensorPr o gr amming architec- ture prop osed in [7]. W e b egin b y constructing a virtual r ob ot in a virtual environmen t. The virtual rob ot comes equipp ed with virtual sensors and virtual c ontr ol inputs . Any softw are b eing developed for controlling a real rob ot can �rst b e tested and ev aluated b y connecting its inputs and outputs to the virtual rob ot. The ultimate goals of the simulation en vironmen t are:

Fig. 2: Simulation arc hitecture ov erview. 1. Visualize the rob ot mo del and mo v emen t in a simu- lated 3D environmen t. 2. Provide a testb ed for the dev elopmen t and ev aluation of rob ot control and b eha vior softw are. 3. Serve as an interactiv e, task-lev el user interface for con trolling a real rob ot. 4. Provide a means for a rob ot to reason ab out the phys- ical environmen t. By \reasoning" ab out the environmen t, we mean that the rob ot has the ability to c ompute the p otential c onse- quenc es of a set of p ossible actions . This will hop efully allo w the rob ot to make b etter informed decisions when attempting to solv e complex tasks. Clearly , a virtual rob ot has many adv an tages ov er a real robot. In particular, if one so desires, one can equip a vir- tual rob ot with \p erfect" sensing and \p erfect" con trol. Ho w ev er, this is t ypically not a realistic scenario. One of the primary adv an tages to using a exible simulation envi- ronmen t is that one has the freedom to construct detailed models of sensor noise, or errors in con trol. By testing con trol strategies under di�erent conditions, one can p o- ten tially distinguish b etw een failure of the algorithm, or failure due to sensor noise or con trol errors. The key p oint is that one can build soft w are mo dels that are b etter than curren t rob ot tec hnology . Thus, while the designs and technology used in real rob ots impro v es in the future, the softw are to control them can b e dev elop ed at the presen t time. The simulation environmen t separates high-lev el and lo w-lev el con trol, and pro vides a mo del of rob ot- en vironmen t interaction (see Figure 2) If developed prop- erly , the simulation could pro vide the rob ot with the means to an ticipate the consequences of a set of p ossi- ble actions. F or example, supp ose a humanoid rob ot is attempting to pic k up a nearb y ob ject. If the rob ot has Fig. 3: The virtual and real dynamic h umanoid ’H5’. general knowledge of the ph ysical prop erties of the ob ject and its current situation in the en vironmen t, sim ulation can b e used to help decide the b est w a y to accomplish the given task. The criteria used might consist of the b est wa y to grasp, lift, and transp ort the ob ject given the phys- ical limitations of the rob ot and the ob ject’s prop erties. In this wa y , a rob ot can attempt to select a plan of ac- tion that will minimize the c hance of injury or error, while maximizing the realization of its goals and tasks. In dev eloping our simulation environmen t for the H5 dy- namic h umanoid, we hav e initially fo cused on the sp eci�c tasks of using simulated vision for p erception-based navi- gation (using bip edal lo comotion), and path planning for ob ject grasping and manipulation. Our goal is to build a series of abstraction lay ers b et w een the �ne-grained, low- level control of the motors [11], and the rob ot’s high-lev el goals. 2.2 Simulated Vision One of the long-term goals of the rob otics researc h com- munit y is to build reliable soft w are that will allo w a rob ot to explore an unknown en vironmen t, and incrementally build its own in ternal mo del of the world through sensors. T o w ard this purp ose, we are developing a sim ulated vi- sion system for testing and ev aluating exp erimental vision algorithms. By utilizing graphics rendering hardw are, a virtual rob ot can acquire virtual camera images from a 3D mo del of a scene. Computer graphics and computer vision are comple- mentary disciplines: while the goal of graphics is to gen- er ate images fr om a mo del , the goal of vision is to extr act a mo del fr om images . In order to ev aluate the e�cacy of an exp erimen tal vision tec hnique, the following steps can b e p erformed: 1. The virtual rob ot acquires image data from a scene (the scene is graphically rendered from the rob ot’s

Fig. 4: Simulated view of a humanoid rob ot. p oint of view). 2. An in ternal mo del of the sensed virtual en vironmen t is constructed using whatev er exp erimen tal vision tec hnique is b eing tested. 3. The internal mo del is directly compared to the actual 3D mo del of the scene and an appropriate error metric is computed. W e are curren tly developing a simulated vision system for testing and ev aluating a real-time 3D vision algorithm that has b een used for legged rob ot navigation [12]. Sim- ilar simulated vision systems hav e also b een successfully used in teleop eration applications [7]. A sim ulation environmen t can also b e used for test- ing vision techniques other than those used for mo del- building. F or example, ev aluating image segmen tation or ob ject recognition techniques, the scene mo del can b e ini- tially divided up into a collection of small to medium-sized ob ject mo dels. Eac h ob ject mo del is assigned a unique ID. A color table is initialized to represent a one-to-one mapping b et w een ob ject IDs and colors. T o c hec k whic h ob jects are visible to a virtual rob ot, the scene can b e rendered from the rob ot’s p oint of view, using at shad- ing and using the unique color for eac h ob ject as de�ned b y the ob ject ID. If the resulting image pixels are scanned, a list of visible ob jects can b e obtained from the pixel color information and compared to the output of the vision al- gorithm. 2.3 Motion Planning Motion planning problems in v olv e searching the system con�guration space for a collision-free path connecting a given start and goal con�guration [3]. F or problems in lo w dimensions, the con�guration space can often b e explicitly represented and complete algorithms are kno wn [13, 14]. F or high-dimensional con�guration spaces how ev er, it is typically impractical to explicitly represent the con�gura- tion space. Instead, the space is usually randomly sampled in order to disco v er free con�gurations [15]. In the con text of h umanoid rob ots, explicit motion plan- ning tec hniques can b e used for global na vigation, while randomized sampling techniques are more appropriate for computing ob ject manipulation motions or b o dy p osture tasks. W e ha v e initially fo cused on motion planning for t w o types of tasks: global na vigation among obstacles, and computing collision-free ob ject manipulation motions. F or navigation, the task of the rob ot is to mo v e from a start lo- cation to a goal lo cation while av oiding obstacles. F or ob- ject manipulation, the task of the rob ot is to successfully grasp and rep osition a ph ysical ob ject in the environmen t without colliding with other obstacles. Through sensing, the rob ot builds a mo del of the environmen t whic h it uses for motion planning. F or navigation planning, an explicit represen tation of the con�guration space ma y b e used to plan a single path from a starting lo cation to a giv en goal lo cation. F or ma- nipulation planning, the task is sp eci�ed by iden tifying a target ob ject to b e mo v ed and its new lo cation. The mo- tion planning soft w are will then attempt to compute three tra jectories: � R e ach : Mov e the rob ot in p osition to grasp the ob ject. � T r ansfer : After grasping, mo v e the ob ject to the tar- get lo cation � R eturn : Once the ob ject has b een placed at the target lo cation, release it and return the rob ot to its rest p osition. If a path at eac h phase is returned b y the path planner, the rob ot executes the motion, p ossibly guided b y visual or force feedbac k. There are many p otential uses for such softw are, with the primary one b eing a high-lev el control in terface for solving complex navigation or ob ject manipulation tasks. Some basic exp eriments using path planning in a sim ula- tion environmen t for b oth manipulation and global na vi- gation are describ ed in the following section. 3 Exp erimen ts This section presen ts some preliminary results using a prototype sim ulation en vironmen t. Although the curren t capabilities are limited, our goal is to incremen tally build upon the existing soft w are framew ork for future exp eri- men ts. 3.1 Perception-Based Navigation Robust sensor-based navigation algorithms are vital for the dev elopmen t of humanoid rob ots that can co exist with real humans. Figure 1 and Figure 4 depict a h umanoid robot na vigating in a virtual o�ce. An outline of a repre- sen tativ e p ortion of the rob ot’s viewing frustum is shown in each. The b ottom tw o images sho w the scene rendered from the rob ot’s p oin t of view, the left image b eing full- color, and the right image an ob ject-based segmentation image. Using the sim ulated vision technique describ ed in Sec- tion 2.2 and a fast navigation path planner [10], the b e- ha vior of a virtual rob ot was tested while exploring an unkno wn maze environmen t. Figure 5 shows snapshots at v arious stages of the interactiv e simulation. The �nal path is solely the result of the interaction b etw een path plan- ning based in the rob ot’s in ternal mo del and the visual feedbac k obtained during exploration. Using simulation, the o v erall b eha vior of the virtual robot can b e visualized and tested under a v ariet y of cir- cumstances in many di�eren t environmen ts. The primary goal of this scheme is to assist in the developmen t of robust high-lev el b ehavior control softw are whic h can even tually be used to control the corresp onding real rob ot. 3.2 Perception-Based Grasping and Manipula- tion The sim ulation en vironmen t can b e used not only for tasks inv olving na vigation, but for a v ariet y of tasks that require visual co ordination. This includes ob ject grasping and manipulation. In the examples sho wn in Figure 6 and Figure 7, the syn thetic vision mo dule is used in order to verify that a particular target ob ject is visible to a virtual humanoid prior to attempting to grasp it. If the ob ject is visible, a manipulation planner is in v ok ed to plan a collision-free path to grasp the ob ject. If the target ob ject is not visible, the humanoid will attempt to rep osition itself, or initiate a searching b ehavior in an attempt to �nd the missing ob ject. The path planning algorithm used is RR T-Conne ct [16], a randomized algorithm that w as originally dev elop ed to plan collision-free motions for animated c haracters in 3D virtual environmen ts [10]. Combined with an inv erse kinematics algorithm, the planner facilitates a task-level con trol mechanism for planning manipulation motions. Through a graphical user interface, an op erator can clic k and drag an ob ject to a target lo cation and issue a move command. Fig. 6: Reac hing and grasping a co�ee p ot. Fig. 7: Answ ering the telephone. Figure 8 sho ws the H5 humanoid mo del playing c hess. Each of the motions necessary to reach, grasp, and rep osi- tion a game piece on the virtual c hessb oard w ere generated using the RR T-Connect path planning algorithm. Eac h rob ot arm comprises a 6-DOF kinematic c hain, and the entire scene contains o v er 10,000 triangle primitives. The 3D collision chec king soft w are used for these exp erimen ts was the RAPID library based on OBB-T rees dev elop ed b y the Universit y of North Carolina [17]. 4 Discussion This w ork prop oses using a softw are simulation environ- ment as a to ol for programming future rob ots. In partic- ular, soft w are for high-lev el b eha vior control can b e de- veloped either indep endently or in conjunction with low- level actuator con trol softw are. This should help to b oth shorten the developmen t cycle time, as w ell as reduce the costs and safety risks in v olv ed during the initial phases of testing rob otic systems. In addition, it is our hop e that sim ulation softw are can ultimately b e utilized b y rob ots to anticipate the conse- quences of their p oten tial actions. In this wa y , a rob ot can attempt to select a plan of action that will minimize the chance of injury or error, while maximizing the realization of its goals and tasks. Man y issues remain to b e solv ed. Although sim ulation softw are has increased in b oth sophistication and sp eed, the results are often highly dep endent on the accuracy of

Fig. 5: Snapshots of a virtual rob ot exploring an unkno wn maze en vironmen t. Information ab out obstacles in the en vironmen t is incrementally added to the rob ot’s internal mo del of the w orld as the rob ot mo v es. The rob ot is giv en the task of navigating from the b ottom-right corner to the top-left corner of the maze. A p ortion of the rob ot’s viewing frustum, along with the curren t path is sho wn.

Fig. 8: The H5 humanoid rob ot playing chess. the mo dels used. F or example, precise dynamic simulation generally requires accurate mo dels of friction. While the use of more complex mo dels impro v es accuracy , this t ypi- cally comes at an higher computational cost. How ev er, as computing hardw are con tin ues to impro v e, w e can exp ect to see increasingly sophisticated simulations of rob otic sys- tems in the future. Ac kno wledgmen ts This researc h is supp orted in part b y a Japan So ciety for the Promotion of Science Postdoctoral F ello wship for F oreign Sc holars in Science and Engineering. Man y thanks to the Stanford Univ ersit y Dept. of Computer Science, where the initial developmen t of p ortions of the sim ulation soft w are w as conducted. References 1) R. C. Arkin. Co op eration without comm unication: Multi- agent schema based rob ot navigation. Journal of R ob otic Systems , pp. 351{364, 1992. 2) R. A. Bro oks. A lay ered intelligen t con trol system for a mobile rob ot. In R ob otics R ese ar ch The Thir d Interna- tional Symp osium , pp. 365{372. MIT Press, Cambridge, MA, 1985. 3) J. C. Latombe. R ob ot Motion Planning . Klu w er Academic Publishers, Boston, MA, 1991. 4) Kazuo Hirai. Current and future p ersp ective of hona hu- manoid rob ot. In In Pr o c. of 1997 IEEE/RSJ Int. c onf. on Intel ligent R ob ots and Systems (IR OS’97) , pp. 500{ 508, 1997. 5) J. Y amaguc hi, S. Inoue, D. Nishino, and A. T ak anishi. Developmen t of a bip edal h umanoid rob ot ha ving an tago- nistic driv en join ts and three dof trunk. In In Pr o c of 1998 IEEE/RSJ Int. Conf. on Intel ligent R ob ots and Systems (IROS’98) , pp. 96{101, 1998. 6) K. Nagasak a, M. Inaba, and H. Inoue. W alking pattern generation for a humanoid rob ot based on optimal gradient metho d. In In Pr o c. of 1999 IEEE Int. Conf. on Systems, Man, and Cyb ernetics , 1999. 7) B. Brunner, K. Landzettel, B.-M. Steinmetz, and G. Hirzinger. T elesensorprogramming - a task-directed programming approac h for sensor-based space rob ots. In Pr o c. of Int. Conf. on A dvanc e d R ob otics (ICAR) , 1995. 8) G. Hirzinger, B. Brunner, J. Dietrich, and J. Heindl. Sensor-based space rob otics - rotex and its telerob otic fea- tures. IEEE T r ansactions on R ob otics and A utomation , V ol. 9, No. 5, Octob er 1993. 9) M. Oda, K. Kib e, and F. Y amagata. ETS-VI I - space rob ot in-orbit exp eriment satellite. In Pr o c. of IEEE Int. Conf. on R ob otics and Automation , April 1996. 10) J. J. Ku�ner Jr. Autonomous A gents for R e al-time A ni- mation . PhD thesis, Stanford Universit y , 1999. 11) Y. T amiy a, M. Inaba, and H. Inoue. Realtime balance comp ensation for dynamic motion of full-b o dy humanoid standing on one leg. Journal of the R ob otics So ciety of Jap an , V ol. 17, No. 2, pp. 268{274, 1999. 12) S. Kagami, K. Ok ada, M. Inaba, and H. Inoue. Large de- sign and dev elopmen t of on b o dy realtime disparity image generation system. In In Pr o c. of 4th R ob otics Symp osia 1999 , pp. 177{182. Rob otics So ciet y of Japan, 1999. 13) J. T. Sch w artz and M. Sharir. On the ‘piano mov ers’ problem: Ii. general tec hniques for computing top ological prop erties of real algebraic manifolds. A dvanc es in applie d Mathematics , V ol. 4, pp. 298{351, 1983. 14) J.F. Cann y . The Complexity of R ob ot Motion Planning . MIT Press, Cam bridge, MA, 1988. 15) J. Barraquand, L.E. Ka vraki, J.C. Latom b e, T.Y. Li, R. Motw ani, and P . Raghav an. A random sampling scheme for path planning. Int. J. of R ob otics R ese ar ch , V ol. 16, No. 6, pp. 759{774, 1997. 16) J.J. Ku�ner and S.M. LaV alle. RR T-Connect: An e�cient approach to single-query path planning. In T o app e ar in Pr o c. IEEE Int’l Conf. on R ob otics and A utomation (ICRA’2000) , San F rancisco, CA, April 2000. 17) S. Gottschalk, M. C. Lin, and D. Mano cha. Obbtree: A hierarchical structure for rapid interference detection. In SIGGRAPH ’96 Pr o c. , 1996.